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Abstract 
Images are often corrupted by noise. For visual quality as well as for satisfactory extraction of important features from the images, 
denoising of the images is necessary. It is an unavoidable pre-processing step for many applications such as image compression, 
segmentation, identification, fusion, object recognition etc. Many successful algorithms have been proposed over the past few 
decades for image denoising. A recent development in this area of research is the use of multiresolution principles. Wavelet 
decomposition and denoising are milestones in multiresolution image signal processing. In this paper, multiresolution singular 
value decomposition is proposed as a new method for denoising of images. The new algorithm and its implementation using 
MATLAB is presented. Results show that it is a good method for image denoising.  
© 2014 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of organizing committee of the International Conference on Information and Communication 
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1. Introduction 
 
Noise is unwanted but ubiquitous in any signal and so is the case with image signal. Noise creeps in images during 
its acquisition, signal conditioning storage, transmission, etc. Once image is corrupted by noise, not only its visual 
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quality is lost, but also some important features get concealed in the image. Restoration of image quality is an essential 
process for any application and end usage of image. Modern digital cameras are constructed using CCD which 
generates noise due to non-ideal behavior of the electronic devices in it. Such noise is usually modeled as Gaussian 
as well as impulse1. Noises of this types are said to be additive as the noise can be considered as an addition term to 
the original image. There exist many modalities of generation of medical images such as Magnetic Resonance Images 
(MRI), Ultrasound (US) images, Computed Tomography (CT) images, etc. Due to imperfect operation of such 
devices, a noise modeled as Speckle noise gets introduced in such images. This noise is said to be multiplicative, as 
the noisy image can be considered as the original image and a multiplicative noise term [1]. It is a signal dependent 
noise and is also seen in Synthetic Aperture Radar (SAR) images. 
Over the years, extensive research works have been proposed for image denoising. However the problem is not yet 
“dead” 2and is very much live as can be seen from the recent research publications in this area3,4.. For impulse noise 
removal, median filter and its variations are proved to be effective. One of the recent works in this area can be seen 
in5. In T.Ravikishore6,,a new fast sorting algorithm is used with boundary discriminator noise detectors for restoration 
of images and video sequences. A new combined image denoising scheme for mixed noise (Gaussian and impulse) is 
proposed7. The Block Matching in 3 Dimensions (BM3D) is a combination of non-local and transforms domain 
approach which is considered as the state of the art denoisingtechnique8. All these methods are of single resolution 
technique. 
The Multiresolution Singular Value Decomposition (MSVD) method proposed in this paper is much simpler in 
concepts and implementation. The method is similar to the Multiresolution Analysis (MRA) employed in wavelet 
domain[9].The noisy image is decomposed in to four sub bands of varying frequency in the first level of MSVD 
decomposition. The low frequency sub band represents most of the signal. As noise is generally of high frequency, it 
is mostly present in the high frequency detailed sub bands. Also noise is of smaller magnitude compared to signal 
magnitude in these three sub bands. Noise present in detailed sub bands is removed using suitable thresholding 
techniques. Synthesis of the approximation sub band and thresholded detailed sub band is done using Inverse 
Multiresolution SVD (IMSVD) to get the denoised image. Rest of the paper is organized as follows. In section 2, 
multiresolution technique is briefed. An introduction to MSVD and IMSVD is given in section 3. The denoising 
strategy is discussed in section 4. Experimental results of implementation of the algorithm proposed in this paper can 
be seen in section 5. Conclusion of the paper is given in section 6. 
 
2. Multiresolution Technique of Signal Processing 
It is seen that algorithms operating at different time-frequency (or space-frequency) can be successfully used to 
adjust to properties of processing algorithms to human perception. It is well known that in multiresolution, features 
that might go undetected at one resolution may be easy to detect at another. Detection of certain features in an image 
is optimal at certain scale, which depends on the characteristics scale of the object. Human eye is sensitive to large-
scale details and low frequency on initial observation of an image and subsequently to smaller scale details and higher 
frequency noise. If the image is decomposed to different frequency sub bands, low frequency (large scale) information 
are obtained in low frequency sub band and higher frequency (small scale) details are seen in high frequency sub 
bands. Even several existing single resolution algorithms which are considered as high quality image denoising 
algorithms are modified using multiresolution approach to get better visual quality inherent in multiresolution 
processing 9. 
Wavelet transform was the first one identified as a multiresolution transforms10. Using suitable scaling and wavelet 
functions, an image can be decomposed to different sub bands. It is achieved using sub band filtering. Usage of low 
pass filter row-wise, and then down sampling , and again using low pass filter column wise and then down sampling 
gives the first band. It is known as the approximation sub band (LL) which contains low frequency details of the 
image. Using similar process, the other three sub bands (LH, HL and HH) which contain high frequency details are 
obtained1.For denoising, the detailed sub bands which contain high frequency noise of smaller amplitudes are 
thresholded to annihilate noise. Inverse wavelet transform is applied to LL band and thresholded detail bands to get 
denoised image. 
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It is observed that Multiresolution Singular Value Decomposition (MSVD) transform also possess multiresolution 
signal processing capability which was used for image fusion11.It is proposed in this paper that MSVD can be used 
for image denoising. 
3.    Singular Value Decomposition and MSVD 
   Singular Value Decomposition of an [M x N] matrix A, is obtained from the matrix equation 
A =USVt         (1) 
 
where S is a diagonal matrix (of singular values) of size [ M x N] with positive values on the [M x M] diagonal and 
zeros for the other values. For real elements in A, all diagonal elements in S are also real. More over the diagonal 
elements in S are sorted in descending order. Also the elements in S are square roots of eigen values of  At A. In 
equation (1), U is an orthonormal matrix of size [MxM] and V is an orthonormal matrix of size [N x N] and Vt is 
transpose of V.  For natural images, the SVD bases have frequency interpretations12. As S(1,1) has the highest value, 
its significance in describing image features is  highest. Values of the diagonal elements of S decrease and so also 
their significance in describing the image features. 
An important step towards denoising is to get multiresolution SVD (MSVD). To obtain MSVD of an image A, of 
size [M x N], A is reshaped to get A1 matrix of size [4 x MN/4]. The SVD of A1 obtained as 
 
[U  S]  =  SVD(A1)       (2) 
and T matrix as 
 
   T= UTA1        (3) 
 
The T matrix is of size [4 x MN/4]. The first, second, third and fourth row of T matrix are reshaped to get [M/2 x 
M/2] size matrices called as Y.LL, Y.LH, Y.HL and Y.HH. The Y.LL band contains the low frequency details. The 
other three contain the high frequency (horizontal, vertical and diagonal) details.  
MSVD algorithm is given in Fig.1 (a).  
 
Input Image A 
A is (256,256) 
Reshape A toA1 
A1 is (4,16384) 
[U S]=svd(A1) 
U is (4,4) and S is (4,16384) 
 T=UT A1                               
T is (4,16384) 
Output Y.LL=Reshape(T(1,:),128,128) 
            Y.LH=Reshape(T(2,:),128,128) 
            Y.HL=Reshape(T(3,:),128,128) 
            Y.HH =Reshape(T(4,:),128,128) 
Y.LL,Y.LH,Y.HL,Y.HH are 
each(128,128) 
Input Y.LL,Y.LH,Y.Hl,Y.HH and U 
T1(1, :)=Reshape( (Y.LL),1,16384) 
T1(2, :)=Reshape ((Y.LH),1,16384) 
T1(3, :)=Reshape( (Y.HL),1,16384) 
T1(4, :)=Reshape ((Y.HH),1,16384) 
A2=UT1 
A2 is (4,16384) 
Reshape A2 to get back A 
A is (256,256) 
 
 
 
 
 
Fig. 1(a) Algorithm for MSVD  Fig. 1(b) Algorithm for IMSVD 
 
To get the inverse multiresolution transform (IMSVD), Y.LL, Y.LH, Y.HL and Y.HH are reshaped to get T1 matrix 
of [4 x M N/4] size. Next   A2 matrix is calculated as  
 
   A2 = U T1                                                                                       (4) 
 
where U is the matrix obtained from (2). A2 matrix is now reshaped to get back the A matrix of size [M x N]. The 
IMSVD algorithm is given in Fig.1 (b). For the second level of MSVD decomposition, input is taken as Y.LL and the 
process is repeated. 
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4. Denoising of images using MSVD 
The basic principle of denoising of images using MSVD is adopted from wavelet denoising. The idea behind 
MSVD is to replace the FIR filters in wavelet decomposition using MSVD. The MSVD output yields four sub bands. 
Y.LL is the approximation sub band and has all important features of the image. It may be noted that Y.LL corresponds 
to the highest singular value (which in turn is related to the highest eigen value). It is the low frequency sub band with 
all high magnitude coefficients. The other three detailed sub bands (Y.LH, Y.HL, and Y.HH) have high frequency 
details of the image such as edges in addition to the high frequency low amplitude noise. The denoising strategy can 
now be stated as thresholding of the detailed sub bands to annihilate noise and applying IMSVD to the Y.LL band and 
the thresholded Y.LH, Y.HL, and Y.HH bands to get the denoised image. Thresholding can be hard thresholding or 
soft thresholding. In hard thresholding, a threshold value is calculated and all coefficients in the detailed sub bands 
which have magnitudes less than the threshold are forced to zero. In soft thresholding, employing the statistical 
characteristics of the coefficients in the detailed suib bands, threshold values are evaluated and the coefficients in the 
detailed sub bands are shrunk towards zero. Instead, an adaptive thresholding can also be employed 13. 
 
5. Experimental Results 
  All simulation works are done in MATLAB. Sub band decomposition of image using MSVD is implemented. 
First level decomposition gives four bands and second level decomposition gives 7 bands.. The approximation sub 
band can be seen on top left corner in both levels (Fig. 2(b) and 4(b)). A 10 % Gaussian noise is added to “circle” 
image. One level of decomposition of the noisy image is done using MSVD. The approximation sub band has all 
important features of the original image and is with almost no noise. However the high frequency details of the image 
can be seen in detailed sub bands. The detailed sub bands also have noise component, as noise is of high frequencies. 
Amplitude of the noise is also small. Adaptive thresholding is done to detailed sub bands to remove the noise. Finally, 
the approximation sub band and threshold detailed bands are subjected to IMSVD operation. Result is the denoised 
image. It is shown in Fig.2(c). It may also be noted that the approximation sub band is also another version of denoised 
image but with very small reduction in the quality due to the absence of high frequency details which are in detailed 
sub bands. Salt& pepper noise is added to the coins” image and the experiment is repeated. Results are shown in the 
Fig.3. Again speckle noise is added to “Barbara” image and the experiment is repeated. Results are shown in the Fig.4.  
Color image denoising using MSVD is also attempted. A 10 % salt & pepper is added to “apple3” image. Separate 
processing is done for each of the three (R, G and B) color components and finally concatenated the three denoised 
components to get the denoised image. Result is shown in Fig. 5. Good visual quality is seen in the result. 
 
 
Fig.  2. Denoising of Gaussian noise from “circle” image 
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Fig 3.Denoising of impulse (salt & pepper) noise from “coin” image 
 
 
 
 
Fig 4.Denoising of speckle noise from “Barbara” image 
 
 
 
Fig 5.Denoising of color image (impulse) from “apple3” image 
 
Comparison of the performance of MSVD denoising is done with the conventional Wavelet (WT) method. Visual 
qualities of both the methods are comparable, although in some cases, MSVD method gives superior quality. Objective 
quality assessment of   the denoised image is done as follows: 
 
PSNR value of reconstructed image is obtained using equation (5) as 
 
PSNR = 10log10(2552/MSE)  dB                                                                                                                (5) 
 
where MSE (Mean Square Error)  =  (1/MN)σ σ ሾܺே௫ୀଵெ௬ୀଵ ሺݔǡ ݕሻ െ ܻሺݔǡ ݕሻሿ2    (6) 
 
Here the image size is M x N, X(x,y) is the original image and Y(x,y) is the denoised image. Table 1 gives the 
evaluated PSNR of the denoised image for some representative cases. 
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Table1. PSNR values in dB 
Noise Gaussian (10%) Impulse (10%) Speckle 
Image WT MSVD WT MSVD WT MSVD 
Circle 35.21  34.72 34.56 34.67 32.26 33.43 
Coin 32.78 32.89 33.23 34.01 30.23 30.34 
Barbara 36.43 37.12 36.12 36.87 36.21 35.89 
Colour 30.21 29.89 29.87 30.21 30.23 30.54 
 
 
1. The Correlation Coefficient  (CC) is evaluated using equation  (7) as14 
 
 CC = CC1 / (D1×D2)                   (7) 
  
                 Where, CC1=σ σ ሾሺሺǡ ሻ െ୒୶ୀଵ ሻሺሺǡ ሻ െ ሻሿ୑୷ୀଵ  
 
D1=ටσ σ ሾܺሺݔǡ ݕே௫ୀଵெ௬ୀଵ ሻ െ ሿ2 
 
D2=ටσ σ ሾܻሺݔǡ ݕே௫ୀଵெ௬ୀଵ ሻ െ ሿ2 
Here Xm and   Ym are the mean intensity of input and denoised images X and Y respectively. 
Table 2 gives the calculated values of CC of the denoised images for some representative images. 
 
 
Table2.Correlation Coefficient (CC) values 
Noise Gaussian (10%) Impulse (10%) Speckle 
Image WT MSVD WT MSVD WT MSVD 
Circle 0.6823  0.6612 0.6712 0.6832 0.6251 0.6325 
Coin 0.8976 0.9210 0.9490 0.9320 0.8841 0.9144 
Barbara 0.6810 0.6923 0.5832 0.7125 0.7012 0.7851 
       
 
 
Typically, CC values range from 0 to 1. Optimum value of CC is 1, when the original and denoised images 
perfectly match. 
 
3.        The Structural Similarity Index [15] of the denoised image is determined using the equation (8) 
 
SSIM(x,y)= [(2μxμy+C1)(2 σxy +C2)]/[(μx2 +μy2 + C1)(σx2 + σy2 +C2)]   (8) 
 
where  μx  is  the average value of X, μy  is the average value of Y σx2   is the variance of X,      σy2   is the variance of  Y,  σxyis  the covariance of  X  and  Y, 
C1=  k1 L2   and   C2 = k2 L2  with  k1=  0.01,  k2 = 0.03, L is the dynamic range of  pixel  values (255  for 8  bit 
images). 
 
Table 3 depicts the evaluated values of SSIM of denoised images for   some representative cases.  
 
 
Table3. Structural Similarity Index (SSIM) values  
Noise Gaussian (10%) Impulse (10%) Speckle 
Image WT MSVD WT MSVD WT MSVD 
Circle 0.8504  0.8231 0.6325 0.8165 0.8507 0.8351 
Coin 0.6150 0.6354 0.6010 0.6325 0.7367 0.6250 
Barbara 0.6530 0.7321 0.6215 0.7356 0.7254 0.7213 
Colour 0.7810 0.7921 0.7625 0.7952 0.8211 0.8423 
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Typical values of SSIM are in the range from 0 to 1. Optimum value of SSIM is 1, when the original and denoised 
images are structurally the same. 
 
Computation time of the proposed method is compared to the WT method .It is tabulated for representative cases 
and is given in Table 4. It can be seen that the two methods are almost comparable. The WT method takes slightly 
lower computation time, probably, due to the better and well established Fast Transform available in MATLAB for 
WT decomposition and reconstruction. 
 
 
Table 4.Computation time in seconds (Gaussian Noise:20%) 
Image WT MSVD 
Circle 0.993 1.023 
Coin 1.043 1.154 
Barbara 1.165 1.182 
Colour 1.332 1.345 
 
6. Conclusion 
MSVD is proposed, in this paper, as a new multiresolution denoising method. Implementation of MSVD is 
discussed (a function for MSVD is not available in MATLAB). Denoising strategy is similar to that of wavelet 
decomposition and thresholding. Gaussian noise, salt & pepper noise, and speckle noise are applied to different 
images. Denoising using MSVD is implemented in MATLAB. Subjective and Objective evaluation of results clearly 
show the power of the proposed method for denoising. PSNR, CC and SSIM are evaluated for representative cases 
and are tabulated. The method is also applied to an RGB color image. Result in this respect is also good. Good visual 
quality inherent with the multiresolution processing can be seen in the results, especially for low density of noise. 
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